Abstract-A generation expansion planning strategy for distribution systems is proposed in this paper to derive the optimal generation mix considering decentralized storage units, variable generation units, dispatchable generation units and demand response. To better exploit the economic value of these investments, participation in reserve and energy markets is considered. As the investment and market bidding decisions are made sequentially, a multi-stage stochastic programming model is formulated to minimize the sum of long-term investment costs and short-term costs, which include fixed operation costs, variable operation and maintenance costs, emission costs, discomfort costs minus the market participation revenue. A case study based on modified Swiss data demonstrates the effectiveness of the proposed model, analyzes the impact of demand response and forecast errors and shows the importance of market participation.
I. INTRODUCTION

A. Motivation and Goal
Driven by favorable government policies and ambitious renewable generation penetration and emission reduction targets, the electricity industry worldwide is experiencing three major changes: electrification, decentralization and digitization. All these trends provide opportunities to invest in decentralized energy resources and demand response (DR) programs. On the one hand it is beneficial to the system as it reduces grid losses and possibly decreases or defers capacity investments, on the other hand it provides customers more economical energy solutions and chances to make profits by participating in the supply/demand balancing process. These effects are strengthened by the ongoing decrease in costs of DERs such as photovoltaic (PV) or storage units. In order to fully utilize the value of DERs' investments, it is important to answer the question of what would be the optimal mix and operation decisions of DERs in future distribution grids.
B. Related Works and Contributions
While a significant amount of work has been done in terms of investment planning in the past, traditional distribution planning models mainly focus on optimizing network topology, the size of dispatchable generation units, the size of substations, feeders and/or transformers, e.g. [1] . With the increasing penetration of decentralized resources such as storage devices, PV and wind generation and DR programs in recent years, modern models are more complex and focus on one or the coordinated planning of several DER technologies. For example, [2] and [3] investigated the effects of electric vehicles' penetrations. References [4] and [5] focus on the integration of demand response programs, while [6] and [7] consider the incorporation of both demand response programs and storage investments. In [8] - [10] , approaches for planning and operating renewable energies and storage devices are proposed whereas in [11] a planning method to decide on optimal locations, sizes and mix of both dispatchable and intermittent distributed generation is presented, with renewable outputs' uncertainties incorporated using robust optimization. The authors of [12] proposed a method that considers a comprehensive configuration of microgrids with demand-side management, but the candidate technologies are limited to solar, wind and battery. As a result, most of the existing models only target the optimization of investment decisions considering limited options of candidate technologies and without considering their participation in electricity markets. However, because of the uncertain nature of variable generation outputs, it is important to consider the coordination of different units already in the planning phase to support their integration. Furthermore, as DERs are expected to participate in markets in the future and contribute flexibility, it is important to consider their market participation to exploit the economic value of DER investments. Note that DERs are assumed to be pricetakers since the market exchange is limited by the transmission capacity between the distribution and the transmission system.
As mentioned earlier, the focus of this paper is on joint investment and operation optimization of DERs, considering their participation in both energy and reserve markets. Consequently, the contributions of this paper are: The rest of the paper is organized as follows: the problem description is presented in Section II, mathematical formulations and the proposed optimization model are given in Sections III and IV. Section V presents the results of a case study, and finally conclusions are drawn in Section VI.
II. PROBLEM DESCRIPTION In this paper, questions concerning the optimal decentralized generation mix for a distribution system are addressed, considering DERs' participation in reserve and energy markets. Similar to previous work [13] , the aggregator which can also be a distribution system operator, is modeled as a cluster of storage devices, loads and dispatchable and variable generation units. It integrates the characteristics of diverse units into a single entity and generates a single dispatch portfolio. Aggregation is done to take advantage of a variety of DERs and to contribute efficiently to covering the flexibility needs of the system. The structure of the proposed multi-stage optimization model shown in Fig. 1 is set up as follows:
• 1st stage: The aggregator optimizes the investment decisions for the examined year (i.e. how much should be invested for each type of units) taking constraints such as the available resource potential into consideration.
• 2nd stage: The short-term operation stage consists of two periods, corresponding to two markets: reserve and energy markets. Following a realistic market structure, the aggregator first decides its bids into the reserve market and then to the energy market. The objective is to minimize the combined costs of all stages.
III. CONSTRAINTS MODELLING
To optimize the investment and operation decisions, five groups of constraints are considered: 1) investment constraints, 2) operation constraints including limitations on different units and demand response, and the power balance of the system, 3) operating reserve constraints, 4) market constraints and 5) policy constraints. All units are assumed to participate in the energy market and all units except variable generation units are assumed to have access to the reserve market. Note that as revenues from reserve deployment are comparably low, only the reserve commitment phase is considered in this paper. Reserve provision by variable generation units such as PV and wind generation through curtailments, while omitted here, could be considered using formulations similar to other units. Network constraints are not considered in this paper.
A. Investment Constraint
Each type of resource i ∈ I where I is the set of considered technologies has a maximum potential for deployment resulting in the following constraint
where x inv i is a non-negative integer variable indicating the number of devices of resource i to be invested in and dep max i is the maximum number of potential deployments.
B. Operation Constraint
As mentioned, the planned distribution system consists of four different types of components, namely dispatchable generation units, variable generation units, storage units and loads (including elastic and inelastic).
1) Dispatchable Generation Unit:
We use G to indicate the set of dispatchable generation units. The power output P g,t at time t of dispatchable generation unit g is non-negative and limited by its invested capacity x 
where g ∈ G, RU g,t and RD g,t are up-and down-regulation capacities bidding into the reserve market.
2) Variable Generation Unit: Three types of variable generation units are considered here: wind, PV and run-of-river small hydro power plants. Let V denote the set of all candidate variable generation units, the power output of variable generation unit v at time t is modeled by P v,t , which is nonnegative and limited by the product of the invested capacity x (6) where v ∈ V. The curtailment costs are assumed to be zero.
3) Storage Unit: We denote the set of storage units by S and the minimum and maximum energy stored in storage unit s by E min s and E max s , while the maximum inflow and outflow of the storage are indicated by P ch,max s and P dis,max s , respectively. This results in the following set of equations: (11) where E s,t , P ch s,t and P dis s,t are the stored energy, inflow and outflow of the storage unit s at time t. RU s,t and RD s,t are the non-negative up-and down-reserve bidding quantities. The end storage level E s,T is set to be equal to the initial storage level E s,0 . Finally, the relationship of storage levels for two consecutive time steps is defined by
where η s and ζ s are the conversion efficiency and the selfdischarging rate of storage unit s.
4) Load:
It is assumed that a certain percentage of the total load is elastic and participates in the demand response program. The initial estimation of the total load is P L,est t and the final scheduled load profile is given by 
where RU L t and RD L t are non-negative up-and down-reserve bidding quantities. Additionally, it is required that the energy consumption during each day should not be changed:
It is assumed that the load participating in the DR program can be fully controlled by the aggregator, however, as this is not true in reality, a discomfort cost is therefore considered for which the formulation is described in the next section.
5) Power Balance Constraint:
In a power system, supply and demand must be balanced at all times. This means that for each time period t the amount of energy that is generated from both dispatchable and variable generation units and drawn from the storage units minus the total energy consumed by the load and used to charge the storage units must be equal to the exchange P DA t in the energy markets, i.e. (19) where P DA t is positive when selling and negative when purchasing power.
C. Operating Reserve Requirement
As system loads and variable generations are subject to uncertainties, a certain amount of operating reserve is needed to allow the distribution system with high RES to quickly respond to an energy deficit or surplus and thus to reduce the potential imbalance costs. The planning reserve requirement is calculated as a function of total load and variable renewable generation. Note that only a general form of reserve is considered in this paper and the reserves required are assumed to be symmetric, i.e. up-and down-reserve requirements are equal. The operating reserve required by PV is based on capacity because PV-induced reserves are most needed during dawn and dusk when their generations are low but are rapidly changing [14] . Therefore,
where α l , α w and α p are constants and W and P represent the sets of units of wind and solar power plants.
D. Market Constraint
As distribution transformers are rarely fully loaded in reality for security reasons, the power that is exchanged between the distribution and the transmission system is set to be limited to a certain percentage of the transformer capacity, which is estimated by the peak demand of the distribution system, i.e.
where P where RES represents the set of renewable generation units.
2) Self-consumption Rate: A minimum percentage β self of the load should be satisfied by local generation, i.e.
Other constraints such as emission cap or investment budget can be added in a straightforward manner.
IV. FORMULATION OF OPTIMIZATION PROBLEM
The goal is to optimize the investment and operation decisions of decentralized generation units and the demand response program, so as to minimize the total costs. The total costs are equal to the sum of the first-stage investment costs and the second-stage operating costs over the whole simulation period, where the latter comprise fixed operation costs C foc , variable operation and maintenance costs C op , emission costs C em , discomfort costs C dr minus revenues from market participation R m . Due to computational restrictions, a limited number of days are selected to represent the variations in supply and demand over the year. Mathematically, Thus, the optimization problem can be formulated as
where T is the hour of all selected days and γ d equals to the total number of days of the examined year divided by the number of representative days.
V. CASE STUDY
A. Data
For the simulation, we select 2050 as the examined year. Due to computational restrictions, instead of using data for the whole year, four representative weeks corresponding to four seasons are selected based on the algorithm in [15] . Table I summarizes the parameters used in the case study based on the projected data for 2050 in [16] (except for batteries). All values are expressed in dollars with an exchange rate of 1 CHF to 1 US dollars. Run-of-river small hydro power plant (SHP) uses the average monthly capacity factor forecast of Swiss hydro plants in [17] while wind and PV generators use historical hourly output data of 2016 generated by Renewables.ninja [18] (location: Zurich). Capacity factors for other units are assumed to be one and all capacity factors are assumed to be unchanged in 2050. The market price data is scaled up based on the historical European Power Exchange data in 2016 to a yearly average value of 60 $/MWh for 2050, consistent with the prognosis provided by SFOE. As the reserve commitment price is difficult to forecast, it is simulated randomly within 4 $/MWh to 6 $/MWh based on the uniform distribution. Figure 2 presents average 24-hour profiles of electricity prices, normalized wind and PV outputs for four selected weeks. The dispatchable generation unit has a ramp rate limit of 25% of its maximum capacity per hour. The battery storage unit is modeled based on parameters of Tesla Powerwall 1 and the investment cost is expected to decline to 10% of the current price by 2050. The power to energy ratio is set to 50%. The initial and final storage levels of both batteries and hydro storage units are set to 50%. The self-discharging rate is 0.1% for batteries and zero for storage SHP. We use the scaled Swiss demand profile as the load estimation for the distribution system in 2050 with 89.5 MW and 48.1 MW as the maximum and minimum hourly load. The self-consumption rate β self is set to 80% and the renewable target β RES is set to 50%. It is assumed that in the base case 10% of the total loads are elastic and can be fully controlled through the demand response program and c dr is set to 2.4 $/MWh. Parameter γ ex is equal to 0.8 and the rate of interest is assumed to be 5%. The constants in the reserve requirement α l , α w and α p are set to 3%, 5% and 4%, respectively based on the suggested values in [14] , [19] .
B. Results
We first validate the effectiveness of the proposed model by analyzing a base case scenario. Then we investigate the effects of demand response by carrying out the optimization with different values for the DR participation rate. After that, we study the impacts of forecast errors of variable generation units by using robust optimization. In the end, the effect of energy and reserve market participation is analyzed.
1) Base Case Analysis:
In the base case scenario it is assumed that the aggregator only participates in the energy market and all variable generation outputs are deterministic, i.e. predictions are perfect. Reserve requirements are satisfied by local provisions (storage units or dispatchable generators). In this case, the aggregator invests in 275.4 MW PV, 199.9 MWh battery and 107.6 MW CHP. Since 100 kW PV and 100 kWe CHP units are cost-competitive against the market price in the considered case, more is invested than it is required for self-supply so that the aggregator can make profits by selling surplus energy to the market. However, as the energy exchange with the market is restricted by the transformer capacity, the optimal investment is also limited. The investment in batteries is mostly made in order to reduce the variations caused by PV generations and to shift load. Figures 3 and 4 show the optimized operation results. For illustration purposes, only results of the first representative week are presented. As the variable generation is dominated by PV, it can be seen from Fig. 3 that the large temporal variation in PV generation is reduced to maintain the supply-demand balance by utilizing the flexibility from the DA energy market exchange, DR, dispatchable generation units and batteries. Some curtailment occurs when the variable generation output is very high. From  Fig. 4 , it can be observed that the operation of batteries and DR is optimized to increase market benefits by shifting consumption from a high price period to a low price period.
2) Effects of demand response:
We run the base case simulation and the case without market participation at different levels of shiftable load (i.e. L sh,max ): 0%, 5%, 10%, 15%, 20%, 25% and 30%. Comparing the results of Table II and Table  III , it can be seen that as the level of shiftable load increases:
• total system costs are reduced;
• investments in CHP units are in general decreased as more flexibility is provided from the demand side; • both decrease and increase are observed in PV investments in the base case. This is likely due to the combination of a multitude of effects. Clearly, as DR potential increases, the energy shifting potential of the system increases. This on one hand can be used to reduce the PV curtailment rate, i.e. using more of the available energy, which leads to a lower need in PV investments for the same amount of energy. On the other hand, the flexibility can also be used to reduce the variability of PV making it easier to make profits in the market, thereby encouraging an increase in PV investments. This could be verified by the simultaneous adjustment of variable generation curtailments and PV investments in Table II ; In the case where no market bidding into the market takes place, PV investments decrease with increasing levels of DR confirming the effect of decreasing PV capacity needs.
• investments in batteries are decreased in the base case as DR and battery units are in general substitutes, i.e. they function in a similar way to shift the production/demand from one time point to another to make more profits; in the case without market participation, battery investment first decreases, then increases and afterwards decreases with increasing DR participation rate. A possible explanation is that higher DR participation can shift more productions from a high variable generation period to a low one, which leads to a lower need for investment in dispatchable generation units. This, however, in turn could require the installation of more batteries to fill the flexibility gap as batteries serve as flexibility providers in the case without market participation.
3) Effects of forecast error:
The forecast error δ v of variable generation unit v is assumed to belong to an uncertainty set {−δ v ≤ δ v ≤ δ v } and decision variables are optimized using robust optimization, i.e. they are feasible for all realiza- tions within the uncertainty set and optimal for the worst-case objective function. It is obvious that the worst-case scenario occurs when the forecast error hits the lower bound of the interval, which means the real-time variable generation is (1-δ v ) of the forecast. Thus, equation (6) is replaced by
As shown in Table IV , generally the CHP investment is stable while PV and battery investments and the total cost generally increase with the forecast error increase so as to cover the shortage caused by the worst-case variable generation outputs. The rate of increase accelerates with the increasing forecast error as more variable generation units need to be installed in the system and then the same increase in the forecast error will have bigger impact on variable generations and total costs. 4) Importance of market participation: Table V compares the results under different market environments. It shows that considering market participation helps to avoid overinvestment especially in batteries (over 50% of battery investments is saved) and to decrease total system costs. CHP investments are doubled when considering market participation since they are cost-competitive against the market price and investing more in CHP provides opportunities to make market profits. Further analysis shows that participating in the reserve market encourages the aggregator to invest more in batteries to exploit its economic value in the reserve provision. 
VI. CONCLUSION
A multi-stage stochastic programming model to derive optimal investment and operations for a distribution system in a market environment is presented in this paper. Numerical results are presented to illustrate the benefits of increasing demand response participation, the impact of forecast errors and the importance of considering market participation. Future work will focus on network modelling, cooperation between different distribution systems, uncertainty characterization of expansion planning models and the separate consideration of customers' utility.
